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Abstract
Simulation of LCROSS Hydroxyl Band Strength Data
Sergio Andre Tovar, M.S.E.
The University of Texas at Austin, 2019
Supervisor: David B. Goldstein
Co-Supervisor: Philip L. Varghese
In 2009, NASA launched the Lunar CRater Observation and Sensing Satellite
(LCROSS) mission to confirm and characterize the presence of water ice in the Moon.
This work aims to characterize the Moon’s regolith by analysing LCROSS data not
studied in detail before, the hydroxyl (OH) band strength observations. A simulated
OH band strength was obtained by an improved numerical model based on previous
work by Heldmann et al. (2015). Using a fitting method, we fitted three hypothesized
OH-producing processes to the OH band strength data. Multiple solutions arose
from the fitting method, and the models were only moderately constrained. The
results indicate that a prompt release of OH is necessary to explain early data,
and that most of the OH band signal after ∼ 15 seconds was produced by the
photodissociation of water from ice-containing grains in the LCROSS impact-plume.
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Chapter 1
Introduction
The Lunar CRater Observing and Sensing Satellite (LCROSS) mission was devised
by NASA in order to confirm and characterize the presence of water-ice in perma-
nently shadowed craters of the Earth’s Moon. The LCROSS mission successfully
proved the presence of water-ice at the Moon’s poles [2]. Nevertheless, several ques-
tions about the characteristics of water in these shadowed areas are still open. One
of the big motivations to confirm the presence of water is the possibility to utilize
it for future exploring or colonizing-missions. Therefore, confirming the presence of
water in the Moon is not only a question of yes or no. It is also relevant to know the
amount of water present and characterize its conditions as much as possible. Pre-
vious work in our group used LCROSS data to learn about the observations taken
during the mission [1, 2]. This work focuses on learning more about the conditions
of the Moon’s shadowed craters by studying a set of data not considered in detail
before —the hydroxyl band strength data.
The LCROSS mission contained a total of nine scientific instruments. The
hydroxyl band strength data were obtained from the processing of spectral measure-
ments from the UV-visible spectrometer (VSP). Each set of LCROSS measurements
contributes differently to what we can learn from the mission as a whole. Previous
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studies already used LCROSS observational data to constrain the physical parame-
ters of the impact-plume [2, 1]. The hydroxyl band strength may help characterize
physical mechanisms that were not considered in previous studies. The three OH-
producing processes herein hypothesized to contribute to the LCROSS observations
are: the photodissociation of water from ice-containing grains in the impact-plume,
photodissociation of water sublimated from the crater’s surface, and the presence of
OH radicals in the surface regolith that got ejected by LCROSS first impact.
We will review the LCROSS mission and the measurements relevant for
this work. Then we will describe the general computer code used to simulate the
LCROSS observations, including the OH producing mechanisms and their physical
justification. The most extensive part of this project was developing the fitting
method to constrain the parameters of the physical models, and estimating the
confidence intervals in our results. This optimization process is more general than
simulating the relevant and specific physical processes for the LCROSS mission; that
process may be used to study other computational models with unknown parame-
ters. Finally, we will conclude with a discussion of the results and our conclusions.
The basic methodology of the project is to simulate the physics of the
LCROSS primary impact and the trajectory of the following spacecraft taking mea-
surements in order to model the observational data. Using this computational simu-
lation, we explored the input-parameter space of our physical models and fitted the
computational results to the observational data. The fitting process systematically
re-scales and changes physical model parameter values in order to minimize the dif-
ference between the computational and the observational results. We also make use
of uncertainty in the OH LCROSS observational data to estimate the confidence
intervals in our results.
A goal of this study is to learn about the Moon’s permanently shadowed
crater conditions by constraining the physical parameter values of our numerical
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models. However, the fitting method resulted in multiple possible solutions. Some
of the proposed models were only moderately constrained, and had relatively large
confidence intervals.
3
Chapter 2
LCROSS Mission Overview
In 1998, measurements of neutron flux suggested the presence of hydrogen in the
permanently shadowed craters located near the Moon’s poles [3]. The observed
neutron emissions are a signature of hydrogen rich environments, which could be
in the form of water ice [4]. The publication of these observations by Feldman
et al. was accompanied by estimates of buried water-ice. However, Feldman et al.
acknowledged that their models may not be unique, and also mentioned inconsis-
tencies between levels of neutron signatures and how they relate to the extend of
shaded area [3]. The apparent detection of water in the cold traps was therefore
not conclusive, which motivated the Lunar CRater Observing and Sensing Satellite
(LCROSS) mission.
The main objective of the LCROSS mission was to confirm the presence
or absence of water-ice in the lunar-polar cold traps. The four scientific goals of
LCROSS were [5]:
1. Confirm the presence or absence of water ice in a permanently shadowed region
on the Moon;
2. Identify the form/state of hydrogen observed at the lunar pole;
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3. Quantify, if present, the amount of water in the lunar regolith with respect to
hydrogen concentrations;
4. Characterize the lunar regolith within a permanently shadowed crater on the
Moon.
The presented work will help achieve Goals 2, 3, and 4 by identifying molecules (H2O
and OH) present in the Moon’s poles, quantifying the amount of water released from
Cabeus crater by the LCROSS primary impact, and characterizing the composition
of grains containing water-ice.
LCROSS was an “opportunity” mission launched with the Lunar Reconnais-
sance Orbiter. The LCROSS mission (performed in October 9, 2009) consisted of
two spacecraft crashing into the Moon’s Cabeus crater. The first impactor was an
Atlas V upper-stage Centaur rocket (Centaur spacecraft) whose only goal was to
blast shaded-surface material into sunlight. The second spacecraft (the shepherd-
ing spacecraft or just SSC ) contained the LCROSS instrumentation and performed
many of the mission’s measurements. The SSC followed Centaur’s trajectory with
a ∼4 minute lag. The SSC successfully observed and transmitted observations of
Centaur’s impact-plume until it too finally crashed. The LCROSS instrumentation
included a photometer, different types of cameras, different types of spectrometers,
and other instruments. The particular set of data we will focus on is the hydroxyl
(OH) band strength data measured from the SSC by the nadir-pointing UV-visible
spectrometer (VSP).
5
Chapter 3
Hydroxyl Band Strength Data
The instruments in the LCROSS mission were devised to measure different char-
acteristics of Centaur’s impact-plume. Several sets of data have already been used
to gain insight about the ejecta and plume evolution of the LCROSS mission. For
example, the near-infrared (NIR) spectrometer data were used to estimate abun-
dance of water and other volatiles [2], and the total light curve and color ratio from
the VSP were used to constrain the morphology and evolution of the plume [1].
However, the OH band strength signal from the VSP has not yet been exploited for
similar analysis.
The hydroxyl band strength data was filtered from the whole spectra mea-
surements of the VSP. The VSP had a one-degree field of view (FOV) and a spectral
range of 263-650 nm. The instrument was kept pointed towards Centaur’s impact
location (i.e. observing the impact-plume) as the SSC descended towards its own
crash. Data were collected for 250 seconds — from the time Centaur impacted until
the SSC lost signal. Further specifications of the VSP instrument and how it was
used in for the LCROSS mission are detailed in [5]
The process of extracting the data was performed by collaborator Dr. An-
thony Collaprete. The first step to retrieve the OH band strength from the VSP
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spectrum was to apply a moving-average forward in time to increase signal-to-noise
ratio. OH in sunlight emits in the 309 nm wavelength-band due to excitation from
photodissociation or through fluorescent scattering [6]. Therefore, the OH band
strength was then filtered out of the whole VSP data set by integrating the spec-
trum across two pixels (centered at 309.57 nm and 309.97 nm) and subtracting
the continuum background signal (integrated from surrounding spectral regions of
306.81-308.39 nm and 311.54-313.51 nm).
The results of extracting the OH signal from the whole spectral range are
presented in Fig. 3.1. The error bars represent two standard deviations of the
moving average. The VSP perceived a rise in the OH band within the first ∼6 s
after Centaur’s impact. Around twenty seconds post-impact, the signal strength
declined, only to rise up again to its maximum value at ∼35 s. Finally the band
shows a continuous decrease in strength until nearly the end of the observation. We
note that toward the end of the data collection period, the band signal rose again.
However, it is not clear why this occurred, and might have been an instrumental
issue occurring towards the end of the descent. Considering expert advice from
LCROSS instrument scientist and the provider of the data, Dr. Anthony Colaprete,
we decided to ignore data after 200 seconds post-impact.
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Figure 3.1: Hydroxyl band strength data (309 nm wavelength band) as observed by
LCROSS’ UV-visible spectrometer. Data after 200 s post impact were ignored in
the analysis presented herein.
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Chapter 4
Simulation Code
This work is a continuation of previous LCROSS studies already mentioned in Chap-
ter 3, where a computational simulation was used to constrain plume parameter
values and characterize the evolution of the plume (Heldmann et al. [1]). This work
therefore uses many of the methods described by Heldmann et al. A comprehensive
description of their model can be found in their paper (2015). We will restrict our-
selves to a short description of Heldmann et al.’s base code, and a more detailed
explanation of the improvements and new features added to their simulations for
our purposes.
4.1 LCROSS simulation and improvements
The LCROSS simulation is a Monte Carlo computation that simulates a large num-
ber of real particles of regolith dust, ice grains, H2O, and OH molecules through a
scaled-down number of representative particles. Because of the rarefied conditions
of the Moon, particles in the simulation are assumed to not collide with each other.
The computational model simulates Centaur’s impact-plume and the SSC trajectory
throughout its descent. The plume is simulated as a disk of material lofted by Cen-
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taur’s impact. This impact-plume has two components, a sharp central spike and an
inverted lamp-shade debris composed surrounding plume. Grains forming the over-
all plume are generated with a log normal size distribution with mean grain radius of
O(1µm) and a standard deviation of 0.7 the mean radius. The grain ejection speed
is calculated as a function of grain distance from the material-disk center. Finally,
the ejection angle of the grains is randomized within two angle ranges depending on
which component of the plume they belong to.
In collaboration with other graduate students at The University of Texas
at Austin, Yasvanth Poondla and Aayush Agrawal, we improved Heldmann et al.’s
photodissociation model, the grain heating model, and added OH-producing mech-
anisms not considered before. Yasvanth Poondla developed the photodissociation
and grain heating model, as well as the prompt OH mechanism. Aayush Agrawal
developed the direct ice-photodissociation model. Yasvanth Poondla and Aayush
Agrawal’s physical models were integrated in this work in order to represent the OH
data. Their mechanisms are an essential part of this work — the production of OH
molecules in the simulation — and will be explained next.
4.1.1 Photodissociation model
Relevant to the work presented here is the photodissociation model for water molecules
to produce OH radicals. The improvements on the photodissociation model were
done by Yasvanth Poondla. Heldmann et al.’s photodissociation model was a prob-
ability check on all H2O molecules in sunlight in order to generate a dissociation
probability at 1 AU of 8.54×10−6 s−1 based on Huebner and Mukherjee photodisso-
ciation rates [7]. The resulting OH particle was assumed to have the same velocity
as the original H2O particle. As an improvement to this photodissociation model,
we considered the effect of how the excess photon energy is distributed after a dis-
sociation event. In the process of accounting for the excess photon energy, each
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photodissociation event is treated as a hard sphere collision between the incoming
photon and the H2O molecule. If the dissociation event occurs (based on a random-
number draw) isotropic scattering about the center of mass is assumed. Finally, we
calculate how the excess energy is redistributed among the recoil velocities based on
the work of Wu and Chen [8], who calculated the velocity distributions of hydrogen
and hydroxyl after solar photodissociation of water. This improvement to the dis-
sociation model better represents how water dissociates in sunlight. The net result
was faster moving OH particles, which produce an OH cloud about 30% larger than
the previous simpler model. This photodissociation model is used for some of our
OH-producing mechanisms explained below.
4.1.2 Grain heating model
Besides improving the photodissociation model, our work also improved Heldmann
et al.’s grain heating model. Previous simulations considered two scenarios of how
water lofted into sunlight absorbed energy. The previous options of ice-containing
grains had either pure-dirt or pure-aggregate-snow optical properties. The first sce-
nario had dirt grains surrounded by an optically-thin layer of ice. This model yielded
dark (low albedo) grains that warmed quickly in sunlight and rapidly sublimed off
their water-ice layers. The second scenario had the impact-plume consisting of two
kinds of grains: pure ice and pure dirt. In this case, the ice grains had a very high
albedo and did not sublime rapidly.
We considered the intermediate scenario, where ice-containing grains and
their properties are a combination of ice and dirt. The heating model was mostly
developed by Yasvanth Poondla. We calculated albedo and other optical proper-
ties of small spherical particles using Mie Scattering theory, explained in detail by
Wiscombe [9]. We also utilized the Maxwell-Garnet mixing rule to calculate the
properties of combined materials, in our case, water and dirt consisting of either
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olivine or pyroxene, both common lunar regolith materials [10, 11]. Using these the-
ories, we calculated the optical and thermal properties for different volume fractions
of dirt-inclusions, e.g. 10% olivine, 20% pyroxene, and so forth.
The key assumptions of our revised grain heating model are that: (1) dirt in
ice-containing grains is homogeneously distributed; (2) grains are perfect spheres.
The outputs of the grains heating model are the albedo and emissivity of the
grain particles. The improved grain heating model is significant for one of the
OH-producing mechanisms, which are explained next.
4.2 OH producing mechanisms
4.2.1 Mechanism 1: OH from grains
The first OH-producing mechanism comes from the photodissociation of H2O lofted
by the impact-plume. This mechanism contributes to the OH band strength signal
through two sub-mechanisms: photodissociation of vapor (as assumed by Heldmann
et al.) and direct photodissociation of ice. The whole grain OH-producing mecha-
nism is illustrated in Fig. 4.1.
Photodissociation of water vapor
We have already discussed how grains lofted by Centaur’s impact are initialized
in the simulation (Section 4.1). Once the grains reach sunlight, they absorb and
emit energy through our grain heating model, and ice sublimates into water vapor
molecules. When water reaches the vapor state, it is subject to photodissociation
through our photodissociation model (Section 4.1.1). Finally, if photodissociation
occurs, OH molecules are created. Those OH molecules that remain in sunlight and
within the one-degree FOV of the VSP detector are counted towards the simulated
OH signal.
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Figure 4.1: Grain model schematic showing photodissociation of water vapor and
direct photodissociation of ice. The parameters of this model are the mass of H2O
lofted by the plume (MH2O,grains), the volume fraction of dirt-inclusions in the ice-
containing grains (fv), and the ratio of ice-photodissociation probability to vapor
photodissociation probability (α).
Photodissociation of ice
Besides photodissociation of water vapor, we also analyzed the possibility of direct
photodissociation of water-ice in the grains. The direct ice photodissociation model
was developed by Aayush Agrawal. Photodissociation of ice is significantly different
from photodissociation of vapor for several reasons. One reason is that once an
H2O molecule dissociates within ice, the end products still have to escape from the
binding energy of the grain as a whole. The resulting photodissociation products
have to diffuse out of the grain, but may in the process recombine with other particles
instead.
There are methods to estimate the direct photodissociation of bulk ice by
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calculating or measuring the yield products of ice being irradiated (e.g. Quickenden
et al. [12] and Gerakines et al. [13]). However, in our case we also need to estimate
the fraction of UV energy that is absorbed by water molecules from total absorbed
energy of a micron-sized grain. It was not obvious how to do this. This process
would be better measured experimentally and such measurements could not be
found. Instead, we used a simple model to characterize photodissociation of ice. We
assumed that the probability of OH production by direct ice-photodissociation is a
fraction of the probability for water-vapor molecules to photodissociate:
Pice = αPvap (4.1)
The term α is the ratio of ice-photodissociation probability to vapor-photodissociation
probability, presumed to be between zero and one. This quantity will be a parame-
ter to be determined by fitting to the LCROSS measurements, and will be explained
in more detail later in Section 4.2.1.
There is a significant difference relevant to our studies between the produc-
tion of OH coming either from water vapor or ice, namely the resulting speed of
the OH particles. OH particles from vapor dissociation have a recoil speed of the
order of ∼ 1 km/s. On the other hand, the speeds of OH particles from direct
ice photodissociation are presumed to be the thermal speeds based on the original
grain’s temperature (∼ 300 m/s). Therefore, the slower OH originating from ice
may remain inside the FOV longer than OH particles originating from water vapor.
This characteristic will be important once we start considering how to replicate the
OH band strength data. Therefore, we are not just interested in the amount of OH
produced by photodissociation of H2O, but also the source (either H2O vapor or
solid ice) of the produced OH.
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Parameters describing the grains model
There are many parameters associated with the grain model. However, many of
these parameters were already constrained by Heldmann et al. [1].Therefore, we
kept Heldmann et al.’s nominal-case parameter values (summarized in Table 4.1)
constant in our simulations, and focused on a total of three parameters for the grains
model that we aim to fit. These parameters are the total mass of water lofted by
the plume (MH20), and the parameters fv and α introduced by our improvements
to the simulation.
Table 4.1: Non-explored plume parameters for our present grain model. Nominal-
case values from Heldmann et al. [1].
Parameter Nominal Value
Spike mass fraction 20%
Cone grain mean radius 1.6µm
Cone angle 67o
Cone grain velocity limit 800 m/s
Spike grain mean radius 3.5 µm
Spike angle 12o
Spike grain velocity limit 1000 m/s
The first unknown parameter is the total amount of water lofted in the
impact-plume. This parameter is obviously related to the amount of OH produced
from vapor: more water lofted into sunlight results in more water available to pho-
todissociate either directly from ice or from sublimated vapor.
The second parameter is the volume fraction of dirt inclusions in the ice-
containing grains (fv). This parameter was already introduced in Section 4.1.2
where we described the heating model. The fv parameter affects the production of
OH because grains with higher fv (i.e. more dirt) absorb more energy and heat up
faster. Larger fv values sublimate ice faster and therefore there is less water-ice and
more water-vapor available for photodissociation in the plume compared to lower
values of fv. We assumed fv remains constant as water sublimates from the grains.
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Therefore, as water sublimates, grains also lose dirt mass so that the fv remains the
same.
Finally, the third parameter, α, is the ratio of ice-photodissociation proba-
bility to vapor-photodissociation probability (see Eq. (4.1)). This parameter comes
from our assumed ice-photodissociation model. The purpose of α is to account for
the effects of potential OH recombination within the ice-crystal, diffusion through
the crystal, overcoming the grain binding energy, etc. This value could potentially
be a function of other grain properties such as grain-size, the type of dirt material,
fv, etc. Future laboratory work could explore the properties of α and determine its
dependencies. For now, we assumed α to be a constant value to be fitted in our
simulation.
To summarize the assumptions of the grain model, in addition to assumptions
(1) and (2) for the grain heating model mentioned in Section 4.1.2 we assumed: (3)
grain volume fraction of olivine or pyroxene inclusions remains constant; therefore,
as water sublimates from a grain, the grain loses dirt such that fv remains the same.
(4) grains contain only two materials — ice and dirt.
4.2.2 Mechanism 2: Sweating crater model for H2O vapor produc-
tion
The sweating crater model is a continuous source of water vapor emanating from
the immediate vicinity of Centaur’s impact location. Once the water vapor reaches
sunlight, it is able to photodissociate. The reasoning behind the model is that the
high energy impact — a 2366 kg spacecraft crashing at ∼2.5 km/s — generated a hot
region at the impact-location that may have gradually sublimated remaining surface-
water. Indeed, the Lunar Reconnaissance Orbiter Diviner Instrument measured a
hot (∼1,000 K) crater created by Centaur’s impact [14]. An illustration of the model
is shown in Fig. 4.2.
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Figure 4.2: Sweating crater model schematic. Water sublimates from the hot
impact-crater generating a H2O cloud subject to photodissociation. The parameters
of the sweating crater model are the total amount of H2O sublimated (MH2O,sweat),
the temperature of the released H2O particles (TH2O,sweat), and the post-impact
time at which water begins to be released(tdelay).
Parameters describing the sweating crater model
We use three physical parameters to describe the SC model. The first parameter is
the total amount (in kilograms) of water sublimated by the hot crater (MH2O,sweat).
We assume that the water is released at a constant rate. The sweating crater model
is essentially a cloud of water expanding from the impact location. Larger rates of
water released generate a denser H2O cloud, which in turn produces larger amounts
of OH.
The second parameter is the temperature at which water molecules are being
released (TH2O,sweat). Water molecules are released in a uniformly-random direction
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with a thermal speed based on a Maxwell-Boltzmann probability distribution:
f(v) = 4piv2
( m
2pikBT
)3/2
e
(−mv
2
2kBT
)
(4.2)
where kB is Boltzmann’s constant, m is the mass of the gas molecule, T is the
mean temperature of the surface (and the gas), and v is the molecules’ speed. The
temperature at which these particles are released affects how fast they reach sunlight
and the amount of time they remain inside the FOV.
The last parameter in this model is an arbitrary time delay (tdelay). The
time delay sets the post-impact time at which the sweating crater model begins
releasing water. We assumed the water was released at a steady rate equal to
MH2O,sweat/(tfinal − tdelay). The goal of utilizing this parameter is to account for
the time it took the ice not lofted by the impact to heat up, vaporize, and percolate
from beneath the ground. The time delay obviously has a direct impact on the
time-evolution of the sweating crater.
4.2.3 Mechanism 3: Prompt OH directly evolving from the crater
The prompt OH model is based on data suggesting the presence of OH particles
in the permanently shadowed craters on the Moon [15]. We assumed these OH
radicals were weakly adsorbed and trapped in the surface regolith. The presumed
mechanism of release is from the grinding and shearing of the shocked deformed
regolith, a process occurring very rapidly (< 1 s). Once the Centaur spacecraft
impacted the Moon, these OH particles were ejected along with the plume material
and at a characteristic thermal velocity. While in the two previously described
mechanisms H2O first has to dissociate to produce OH, this prompt mechanism is
instantaneous because the OH particles are already present. The prompt OH model
therefore generates a simulated OH signal at early times in the simulation. However,
the prompt OH contribution to the simulated OH band strength signal quickly dies
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off since the model does not continuously generate OH particles. The prompt OH
model is illustrated in Fig. 4.3.
Figure 4.3: Prompt OH model schematic. OH radicals weakly bonded into the
crater’s surface regolith grains get expelled by Centaur’s impact. The parameters
of the model are the total amount of OH lofted (MOH,prompt), and the temperature
at which OH particles are released (TOH,prompt).
Parameters describing the prompt OH model
This model has only two parameters associated with it. The first parameter is the
amount of OH mass lofted by Centaur’s crash. This defines the strength of the
prompt OH contribution to the OH band strength data. The second parameter
is the characteristic temperature at which the grains are released. Just as for the
sweating crater model, the temperature parameter affects the OH thermal speed,
which in turn affects for how long the particles remain inside the VSP instrument’s
FOV.
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Chapter 5
Fitting Method
There is a total of 8 parameters to be constrained in the OH-producing models de-
scribed in Chapter 4. The values for these 8 parameters will be chosen by comparing
the simulation results to the experimental observations of the actual LCROSS mis-
sion. The goal is to explore the parameter space of the simulation to find the values
that best represent the observations. However, running the LCROSS simulation in
order to explore the whole parameter space is not feasible.
As mentioned before, the LCROSS simulation is a Monte Carlo calculation
with representative particles. A larger number of particles in the simulation make
for a better representation of the system. However, we are interested in the OH
particles in particular, which are just a fraction of the original number of particles
for a given simulation because OH particles mostly originate from the dissociation
of H2O. Furthermore, out of this relatively small number of OH-particles, our re-
sults only account for particles inside the instrument’s small (1o cone) field of view.
This reduces the number of observed OH particles even further. For these reasons,
the cost of our simulations is more expensive than previous simulations which con-
centrated on more plentiful H2O molecules or dust grains. Because exploring the
whole parameter space is not feasible, we developed a fitting method to find the best
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parameter values for our simulations and quantify the confidence in our results.
One thing not mentioned so far is how we compare the LCROSS-observed
OH band strength to our computational result, which are in terms of sun illuminated
OH particles in-view. This is done by estimating the OH band-strength emission
from the column density of illuminated OH molecules in-view. The process involves
an emission rate factor, also known as Chamberlain g-factor, or just g-factor [16].
Details of how this calculation is performed are discussed in Appendix A. Once we
combine the three models’ contributions and estimate the observed band strength,
we can directly compare the computational results with the experimental observa-
tions in the actual fitting process.
The fitting process is divided into two parts. Part I is the general process of
exploring the parameter space and fitting the eight model parameters to a particular
set of OH data. Part II aims to quantify the confidence of our data fit. Part II
systematically repeats the procedures of Part I multiple times in order to account
for the measured uncertainty in the LCROSS OH band strength observations. The
process of Part II provide error bars on our eight fitted parameters describing the
physics of the OH production.
5.1 Part I: Fitting the Hydroxyl Band Strength
5.1.1 Categorization of parameters
From the explanation of the models in Section 4.2, the parameters to be fitted to
the OH band strength are: for the grains model, the mass of H2O lofted along with
the grains (MH2O,grains), the volume fraction of inclusions in the water-containing
grains (fv), and the ratio of direct ice-photodissociation to vapor-photodissociation
(α); for the prompt release OH model, we have the amount of OH directly lofted
by Centaur’s impact (MOH,prompt), and the characteristic OH particle temperature
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(TOH,prompt); and for the sweating crater model, the total amount of H2O sublimated
from the hot crater throughout the simulation (MH2O,sweat), the temperature at
which water particles were being released (TH2O,sweat), and the time (relative to
impact) at which the sublimation of water initiated (tsweat). Given the physical
significance of these parameters, and the effect they have on the simulation, these
parameters were divided into two sub-groups: size-defining parameters and shape-
defining parameters.
• Size-defining parameters: set the amplitude of the simulated observation.
1. Mass of H2O lofted along with the grains, MH2O,grains (Grains Model);
2. Mass of H2O sublimated from the hot crater, MH2O,sweat (Sweating Crater
Model);
3. Mass of OH lofted from impact, MOH,prompt (Prompt OH Model).
• Shape-defining parameters: determine the curve-shape of the simulated
observation.
1. Ratio of direct ice-photodissociation to vapor-photodissociation, α (Grains
Model);
2. The volume fraction of inclusions in the water-containing grains, fv (Grains
Model);
3. The temperature at which water particles were being released, TH2O,sweat
(Sweating Crater Model);
4. The time (relative to impact) at which the sublimation of water initiates,
tsweat (Sweating Crater Model);
5. The characteristic OH particle temperature, TOH,prompt (Prompt OH
Model).
22
The size-defining parameters are all the mass parameters from the three mod-
els. Because of the way the simulation works, changing the value of these parameters
do not affect the temporal evolution of the representative particles. These size-
defining parameter only change the ratio of real-gas to computational particles (i.e.
fnum). Graphically—a big part of our analysis relies on graphic representations—
changing these parameters scales the curves of simulated OH in view, but does not
otherwise affect the time dependence of the curves. Physically, changing these pa-
rameters increases or decreases the substance-amount homogeneously in space and
time, but the time-dependence of the simulated observation is not changed.
The shape-defining parameters on the other hand do affect the temporal
evolution of the particles, and thus, change the time dependence of the simulation.
For example, increasing fv causes grains to heat up faster, which in turn causes faster
sublimation, and thus faster vapor photo-dissociation. Therefore, for higher values
of fv, the simulated observation shows more OH particles from grains-sublimated
vapor at earlier times. Adjusting these shape-defining parameters alters the shape
of the OH curves.
The differences between the effects of the shape-defining and size-defining
parameters affect how we treat them in the fitting process. Table 5.1 shows a
summary of the eight parameter-values to be found. Because of how they affect
the time evolution of the results, analyzing the shape-defining parameters is more
involved. We treated these parameters by discretizing their parameter space.
5.1.2 Discretization of the Parameter Space
As mentioned before, it is not feasible to run the entire Monte Carlo LCROSS
simulation repeatedly in order to fit the OH band strength data by exploring the
whole parameter space. Each full Monte Carlo plume simulation consumes ∼25
CPU hours to obtain a smooth result without stochastic fluctuations. If we want
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Table 5.1: Parameters to constrain
Model Size-defining parameters Shaped-defining parameters
Grains MH2O,grains (kg)
α (non-dimensional)
fv (non-dimensional)
Sweating Crater MH2O,sweat (kg)
tsweat (s)
TH2O,sweat (K)
Prompt OH MOH,prompt (kg) TOH,prompt (K)
to explore 10 different values for the eight available parameters, the computations
will cost about 25 × 108 CPU hours. Therefore we discretized the parameter sub-
space of the shape-defining parameters. This was done by computing the curves
of OH in view for discrete sets of values for each shape-defining parameter (see
Table 5.2 for range of parameter-values explored) and then interpolating between
the pre-computed curves. These pre-computed curves and interpolations between
the pre-computed curves were saved into a repository of curves, to which we will refer
as the curves bank. This curves bank contains curves of each model, with different
combinations of shape-defining parameter values. Examples of three curves found
in the curves bank are:
Grains (fv:30% , α:0.1)
Sweating Crater (TH2O:500 K , td:40 s)
Prompt OH (TOH:1200 K)
The curves bank will be used to access the parameter values in a systematic way
as we loop through all the possible combinations of parameter values. This will be
explained with more detail later in Section 5.1.5.
For the size-defining parameter values, we could similarly discretize the pa-
rameter sub-space using pre-computed curves for the curves bank. However, because
of the nature of the size-defining parameters (explained in Section 5.1.1), changing
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their value only scales the curves up and down proportionally. That is, for given
values of shape-defining parameters in any of the three models, we can represent
the whole mass-parameter space with an arbitrary scaling coefficient. Hence, we de-
cided to represent the size-defining parameters with scaling coefficients, rather than
with pre-computed curves in the curves bank. This allows us to have a continuous
representation of the size-defining parameter sub-space while keeping the size of the
curves bank smaller — something that is computationally desirable in the fitting
method.
Table 5.2: Shape-Defining Parameter Values
Model Parameter Range of values
Grains
α 0.01− 0.8
Dirt Volume Fraction (fv) 0%− 80%
Sweating Crater
Time Delay (td) 0 - 160 s
H2O Temperature 20 - 2200 K
Prompt OH OH Temperature 100 - 1700 K
5.1.3 Combining OH-Producing Mechanisms to Estimate Hydroxyl
Band Strength Observations From Computational Results
Up until now, we have considered the OH producing models individually and inde-
pendently of each other. However, if these physical mechanisms were indeed present
in the LCROSS mission, the LCROSS instrumentation would have observed these
mechanisms simultaneously. Therefore, the three contributing models have to be
considered together to be compared to the OH measurements.
For simplicity, consider a specific set of shape-defining parameter values.
That is, consider a specific curve in the curves bank for each of our three physical
models. We then have a total of 3 curves, one for the prompt OH model, one for the
grains model, and one for the sweating crater model. These curves will be labeled
nprompt, ngrains, and nsweat accordingly. Along with the scaling coefficients that
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represent the size-defining parameters— let’s call these C1, C2, and C3— we can
combine the three physical model contributions as follows:
ntotal,ijk = C1nprompt,i + C2ngrains,j + C3nsweating,k (5.1)
Here, ntotal,ijk is the combined OH contribution to the hydroxyl band strength. The
subscript i in nprompt,i indicates we are using a specific curve i within the available
prompt OH curves in the curves bank. Similarly, indices j and k represent specific
curves for grains and sweating crater models.
5.1.4 Least-squares fit for a particular combination of curves
Most of the work for the fitting process described so far has been to set up the
fitting computations. The next step in the fitting process is where we actually start
comparing the computational results to the observational data. In this we make use
of a least squares minimization. embodied in MATLAB’s tool lsqcurvefit for the
least-squares algorithm [17].
Still consider a specific combination of curves from the curves bank, namely
ntotal,ijk from Eq. (5.1). We want a measure of how well ntotal,ijk represents the OH
band strength measurements. In order to quantify this quality, we utilized the sum
of squared weighted residuals (SSWR):
SSWRijk =
Ndata∑
ζ=1
[
nexp,ζ − ntotal,ijk(tζ)
σζ
]2 (5.2)
where Ndata is the number of observational data points (35 data points), nexp,ζ
is a particular OH band strength measurement taken at time tζ with uncertainty
σζ . ntotal,ijk(tζ) is simply the value of the computational simulation ntotal,ijk at the
time nexp,ζ was taken. This sum in Eq. (5.2) represents the aggregate difference
between the band strength data points and the computational results. Lower values
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of SSWRijk mean that ntotal,ijk represents the observational data better. We divide,
each difference between ntotal,ijk(tζ) and nexp,ζ by σζ to give more importance to
experimental measurements with less uncertainty. In other words, we weight the
difference between a data point and the computational results by the inverse of that
point’s uncertainty. For example, a point with a difference ∆ and small uncertainty
σζ will contribute more to SSWRijk than a point with the same difference ∆ and
large uncertainty σζ .
Notice that because ntotal,ijk is actually a function of the weighting coeffi-
cients C1, C2, and C3, SSWRijk is also a function of these same coefficients. There-
fore, using a least squares fit, we can minimize SSWRijk by changing the values C1,
C2, and C3. The result of the least squares fit is the set of weighting coefficients for
nprompt,i, ngrains,j , and nsweat,k that gives the minimum possible value of SSWRijk.
This set of coefficient values will be denoted C∗1,ijk, C
∗
2,ijk, and C
∗
3,ijk. The minimum
sum of squared weighted residuals will be denoted as SSWR∗ijk. Together C
∗
1,ijk,
C∗2,ijk, C
∗
3,ijk, and SSWR
∗
ijk as a group will be referred to as Result 1.
For a given set of shape-defining parameters — defined by the specific curves
comprising ntotal,ijk — Result 1 is a fit of the hydroxyl band strength data. However,
choosing a different combination of curves for ntotal,ijk may result in a better fit with
a lower value of SSWRijk. Therefore, all combinations of curves have to be tested.
5.1.5 Testing all combinations of curves
Until now, we have considered an arbitrary combination of shape-defining parameter
values. These values are implicitly denoted by indices i, j, k, which correspond
respective parameter values of the comprising curves. However, nothing guarantees
that our arbitrary choice is indeed the best choice of shape-defining parameters
values. We will use the curves bank to find the best choice of shape-defining values.
The final step to find the whole set of parameters values is to loop through
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the curves bank, test all combination of curves, and keep track of the lowest SSWR,
also keeping track of its respective shape-defining and weighting-coefficients values.
The procedure then is as follows:
1. Get a curve for each model from the curves bank; call it set ijk
2. Fit set ijk to LCROSS’ OH data to find [Result 1]ijk and SSWR
∗
ijk using the
least squares method in Section 5.1.4
3. Get a different combination of curves from the bank, call it set ijk′
4. Fit set ijk′ to find [Result 1]ijk′ and SSWR
∗
ijk′ .
5. Repeat until all combinations of curves have been tested
6. From among all the combinations of curves, find the combination with lowest
value of SSWR∗ijk (this quantity will be named SSWR
∗
min)
We thus find the best fit out of all the SSWR∗ values and corresponding parameter
values — the fit with the minimum value of SSWR∗. We call [Result 1]ijk with
the lowest value SSWR∗ Result2. Result2 is the completion of Part I of the fitting
process, where we have successfully fitted a set of OH band strength data. Part I
methodology can be observed visually in Fig. 5.1.
Result2 = min SSWR∗ of
{
Result1]111 , Result1]112 , ... , Result1
]
ijk
, ...
}
(5.3)
(for all combinations of curves ijk)
We will use Result2 for Part II of the fitting process, where we will find
confidence intervals of our fit. In order to keep track of Result2 components, we
will denote them as SSWR∗min and ntotal,min. These are the minimum SSWR∗
among all SSWRijk values and the corresponding ntotal. The computational result
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ntotal,min is composed of nprompt,min, ngrains,min, and nsweat,min appropriately scaled
by C∗1,min, C∗2,min, and C∗3,min.
Result2 for the OH band strength data is shown in Fig. 5.2. This example
however is NOT the final result of our fit to the data. This image is only for clarifi-
cation purposes of the discussed methods so far. The figure shows the experimental
data, the contributing OH producing models already scaled by C∗1,min, C∗2,min, and
C∗3,min, and the total simulated band strength ntotal,min.
5.2 Part II: Confidence intervals on the fit
We want to estimate the uncertainty in the results of the best fit parameter val-
ues, namely Result2. In other words, we would like to find confidence intervals of
Result2. To do so, we looked at how the uncertainty in the OH measurements can
affect the value of these best parameters. Therefore, the confidence intervals of our
fit will depend two things: how sensitive the computational results are to variation
in values of the parameters, and the uncertainty in the OH data itself. Part II meth-
ods are developed from the methodologies described in Part I (Section 5.1) and are
a continuation of Part I methods rather than an independent process.
The parameters in our models represent physical characteristics of the process
they represent. Therefore, the best fit parameter values chosen for Result2 estimate
the actual physical characteristics of the mission. However, the OH data collected
during the LCROSS mission, as any type of measurement, has uncertainty to it.
If the true OH signal was different from what was actually measured, the best
parameter values might have been different.
We consider the possibility that the true band strength values lie within a
normal distribution around the measured value. Therefore, we varied the experi-
mental data to account for this possibility. Each experimental data point (nζ) was
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altered as follows:
n˜ζ = nζ +Rζσζ (5.4)
Where n˜ζ is the altered band strength measurement; σζ is the standard deviation of
data point nζ (same value as in Eq. (5.2)); and Rζ is a normally-distributed random
number with a mean value of zero and variance of 1, but still limited to lie within
±σ of the measured value. Each data point nζ was given a different random number
Rζ , so the variation of a given data point was independent of all others. An example
of three sets of altered data is shown in Fig. 5.3.
After altering the OH data, we repeated Part I of the fitting process, and
looked at how Result2 changed. That is, we looked at how varying the data affected
the results of best fit parameter values and repeated the process for multiple sets
of altered OH data. Each set of results is named [Result2]l, where the subscript l
denotes a particular alteration to the OH data.
After altering and fitting the data for a sufficiently large number of times,
we averaged the results and calculated the standard deviation for each parameter.
The final results of parameter values are the average values from all of [Results2]l.
The confidence intervals of our results are the standard deviation of the parameter-
values. The final result for MH2O,grains looks as follows:
[
MH2O,grains
]
best,final
= avg
{
[MH2O,grains]l
}
± std
{
[MH2O,grains]l
}
(5.5)
And similarly for all other parameters. Fig. 5.1 shows the complete fitting procedure
schematically.
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Figure 5.1: Fitting method flow chart. Result1 is the set of values SSWR, C1,C2,
and C3 that minimizes SSWRijk for a given set of altered OH data. Result2 is the
set Result1 containing the minimum SSWR among all combinations of curves.
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Figure 5.2: Result2 of the fitting process. Least-squares minimization fitting all
combinations of curves and selecting the combination (and respective weights) with
least SSWR∗. The selected curves composing ntotal determine the shape-defining
parameter values of the fit, and the weighting coefficients of the minimization process
define the size-defining parameters values.
Figure 5.3: Examples of data alterations used in the process of estimating confidence
intervals in the results. Each original data point is randomly varied (three times in
this example) with a normal distribution within its error bars.
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Chapter 6
Results and Discussion
6.1 Olivine Results
The final results for the parameter values and their uncertainties are presented
in Table 6.1. The amount of water lofted amid the grains by Centaur’s impact
(MH2O,grains) was 800 ± 200kg. The result of fv being 11 ± 9% means that water-
containing grains were mostly water, but some dirt was necessary to darken them
enough to sublimate water faster than if they were pure-ice grains. Finally for the
grains, α is best fit as 0.11± 0.07 which means that a molecule of water still within
water-ice has about a one-tenth probability to produce free OH from photodissoci-
ation compared to the probability of photodissociation of water-vapor.
Previous work by Colaprete et al. estimated a plume with total mass of 3150
kg with 5.6% being water, i.e. 180 kg of water in the plume [2]. First, they estimated
the 3150 kg of ejecta mass by providing an approximate optical depth for the plume
using the highest overall brightness observation in the VSP. Then, they utilized
this optical depth to estimate a number density of particles. This data was then
employed to obtain an estimated amount of total ejecta mass. For the estimate
of water content in the plume, Colaprete et al. looked at the reflectance spectra
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for the 1.87 µm band in the NIR spectrometer. Along with calculated absorption
cross-sections from the high-resolution transmission molecular absorption database
(HITRAN), Colaprete et al. estimated a column density of H2O particles. As in the
ejecta mass case, the H2O column density was in turn used to estimate the total
mass (water and ice) of H2O. Our work however resulted in more than 4 times the
amount of H2O obtained by Colaprete et al.. It is not clear why Colaprete et al.’s
and this work’s results differ, but this is probably due to different assumptions
from both studies (e.g. underlying assumptions in Colaprete et al.’s calculations,
assumptions of g-factor calculations in our estimates of band strength, choices of
material composing the impact-plume, etc.).
The amount of sublimated water from the hot “sweating” crater (MH2O,sweat)
was fit to be 300± 300 kg released at a temperature of 1800± 600 K. That means
the sweating crater contributed about 38% the amount of water contributed by the
grains model. The water-release begins at 100±30 s, which means the sweating
crater started contributing about half-way through the data collection period.
The prompt OH mass (MOH,prompt) fitted result was only 24 g. This amount
of mass is a tiny fraction compared to the mass of water in the lofted grains
(MH2O,grains), which is consistent with our expectations. Since OH is highly re-
active, the amount of OH present in the regolith was expected to be much less
than the other mass parameters. Still, this relatively tiny amount of OH mass was
enough to have a significant effect on the simulated OH band strength; the maximum
contribution of the prompt OH signal is comparable to the maximum contribution
of the grains model (both ∼ 0.8 W/µm srm2). However, the prompt OH band
strength contribution occurs earlier than that of the other two models; this will ex-
plained in more detail later. The temperature of the OH particles promptly released
(TOH,prompt) resulted in 1080± 180 K. This result agrees with measurements of the
plume temperature of about 1,000 K [18].
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The overall large uncertainties in the OH observational data do have a sig-
nificant effect on the simulated band strength. We describe the uncertainty of the
OH measurements as large, applicable to our analysis, in the sense that we need
large variations in our fitted parameter values in order to generate changes simi-
lar in magnitude to the data-uncertainty. The confidence intervals of the grains
parameter values were between 25 and 82%. The prompt OH model was the best
constrained model, with confidence intervals ranging between 8 and 17%.
On the other hand, the sweating crater model was the least constrained
model. The uncertainty of the mass parameter (MH2O,sweat) is ∼ 100%, so we
were not able to be sure if the physics represented by the sweating crater model
were present in the LCROSS mission or not. Furthermore, because MH2O,sweat is
only about 40% that of MH2O,grains, and the sweating mechanism only becomes
active after about 100 s post-impact, the model’s contribution to the simulated
band strength is relatively weak. As a matter of fact, when fitting the models
to altered observational data sets, many of the sweating crater contributions were
weak, or sometimes even negligible, similar to the contribution of the sweating crater
model shown in Fig. 5.2. This will be discussed in more detail later in this chapter.
However, we concluded that the resulting OH contribution from the sweating crater
is much less than the other two models. The sweating crater model was not an
essential process to characterize the OH observations (at least for the four minutes
after Centaur’s impact) and the OH band strength can be well represented by the
prompt OH and grains models alone.
The final simulated OH band strength signal is shown in Fig. 6.1, along with
other features and results from the fit. The contents of Fig. 6.1 will be explained
in order of calculation. The black squares are the experimental data and the error
bars their respective uncertainties. The thin faded lines in the background are all of
[Results2]l, the fits to the randomly altered data sets. These lines will be referred
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Table 6.1: Characteristics of the curves that best fit the band-strength data. Grains
heating model utilizing olivine as the dirt material.
Model Parameter Parameter Value
Grains (olivine)
MH2O,grains 800± 200 kg
fv 11± 9 %
α 0.11± 0.07
Sweating Crater
MH2O,sweat 300± 300 kg
TH2O,sweat 1800± 600 K
tsweat 100± 30 s
Prompt OH
MOH,prompt 24± 2 g
TOH,prompt 1080± 180 K
to as the single fits. The red line is the average of all the single fits and will be
called OHmean. The blue line is the result of the LCROSS simulation using the
average parameter values from Table 6.1 as inputs. The blue line will be referred
to as the simulation with averaged coefficients, or just the OHLCROSS curve. The
three dashed lines are each model’s contribution to OHLCROSS curve — the final
simulated OH band strength. In other words, OHLCROSS is the sum of the three
dashed lines.
The prompt OH model makes the highest contribution at early times (<15
s) of the simulation, and it is essential to describe the abrupt rise in the OH signal
immediately after Centaur’s impact. The other physical processes investigated have
time delays that are inconsistent with such early observations. After the prompt
OH contribution dies off, the grain model makes the largest contribution to the sim-
ulated signal throughout the remainder of the simulation. As described before, the
sweating crater model had a relatively weak contribution, but still helps represent
the later observations, reaching a maximum contribution of about 30% that of the
total simulated OH signal.
An important feature to notice in Fig. 6.1 is the discrepancy between the
OHmean and the OHLCROSS curves. The difference is most pronounced in the 10
36
Figure 6.1: The black squares represent the LCROSS OH data considered for the
analysis. The thin lines on the background (single fits) are all of [Results2]l. OHmean
is the average of the single fits. OHLCROSS is the result of the LCROSS simulation
with Table 6.1 values as inputs.
to 50 seconds interval, where the OHLCROSS is edging near the top of the single
fits band rather than staying in the middle close to OHmean. Even though their
difference is not very big (about 13%), it is significant enough to raise concerns
about the results. We expected these curves to be similar because OHLCROSS
represents the average parameter values of the single fits, and OHmean is the average
of the single fits. This discrepancy between OHLCROSS and OHmean appears to
have two contributing reasons: the linear interpolation of a non-linear space in the
discretization of the shape-defining parameters, and the existence of two or more
families of solutions.
As described in Section 5.1.2, we discretized the shape-defining parameters
utilizing the curves bank, and then averaged the parameter values from the single
fits results. By averaging two or more curves (i.e. the single fits), we essentially
interpolate between the parameter values defining the averaged curves. However, if
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the parameter space is not linear, the curve from averaging single fits (e.g. OHmean)
may not be equivalent to the curve obtained from running the simulations with the
averaged parameter values (e.g. OHLCROSS).
We investigated the interpolation issues for the prompt OH and grain models
— the two significant models where the discrepancy occurs. Interpolating indeed
causes small differences between averaging pre-computed curves and actually run-
ning the LCROSS simulation with the parameter value that is to be interpolated.
The grain model showed larger discrepancies when values were being interpolated,
probably because of the interpolation of two parameters (α and fv) rather than
interpolating just one parameter as in the prompt OH model (TOH). The larger
discrepancies were in the order of 5%. In theory, this issue can be simply addressed
by adding more cases into the curves bank and effectively having a denser parameter
space. However, we tried addressing the issue this way, but refining the discrete pa-
rameter space did not decrease the difference between OHmean and OHLCROSS (the
red and blue curves in Fig. 6.1). Therefore, interpolation and coarse discretization
alone do not appear to cause the discrepancy.
The second contributing cause to the discrepancy in question may be the ex-
istence of multiple modalities of solutions in the results. This could also be thought
of as two families of solutions. Hints as to the existence of different modalities can
be observed in Fig. 6.1. There are appreciable gaps in between bands of single fits
around twenty seconds post-impact. The effect of possible multiple modalities is
clearly shown when we perform the whole fitting process, but we only consider one
source of OH: the grains model. That is, the only source of OH in the LCROSS
simulation is the grain model, and we do not consider any contributions from the
prompt OH or sweating crater model. Results of such analysis are shown in Fig. 6.2.
Fitting only the grains model to the data distinctly shows the two bands of solutions
arising from the individual fits. As the experimental data is randomly altered within
38
the data error bars (in order to find the confidence intervals for the grain model fit-
ting parameters) two different families of curves that best represent the experimental
data arise. The resulting parameter values defining the single fits jump between two
parameter values, rather than spreading around a single parameter value.
Figure 6.2: OH band strength data fitted with grains model only. Ignoring the
prompt OH and sweating crater models in the fitting process distinctly shows the
rise of at least two families of solutions.
We examined the phenomenon of multiple modalities present in Fig. 6.1 by
looking at the histograms of results for the grains parameters. These histograms are
shown in Fig. 6.3. Rather than seeing an approximately normal distribution around
one parameter value, results cluster around different values. For example, the results
of fv cluster around 8% and 30%, without picking the intermediate values of 20%.
The consequence is that the final averaged parameter values are essentially the
result of averaging among the different families of solutions, rather than averaging
among adjacent cases in the curves bank. In the fv example mentioned above,
this would be equivalent to averaging the 8% and 30% curves, as if these were the
only values available in the curves bank, and ignoring all the in-between curves. The
linear interpolation that implicitly occurs by averaging results (i.e. the discretization
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of the parameter space) is effectively coarse. For this same reason, adding more
curves to the bank (i.e. refining the discretization) does not help to reduce the gap
between OHmean and OHLCROSS . Additional curves do not extinguish the existence
of modalities, and the effective interpolation is still coarse.
On the other hand, the prompt OH model does have an approximately normal
distribution around its average parameter values (Fig. 6.4). The distributions of the
prompt OH results explain why this model was the best constrained model, having
the narrowest confidence intervals percentage-wise. For the sweating crater model,
the shape-defining parameters also show multiple modalities (Fig. 6.5). However,
as mentioned before, the results of MH2O,sweat clearly lean towards the relatively
low-value results, resulting in weak or even negligible contributions.
Figure 6.3: Histograms of grain model parameter results. Results cluster around
different values rather than spreading out around a single value.
One explanation of why multiple families of solutions occur is that there
might be a few key data points that are very significant in defining the characteristic
shape of the OH observations. For both cases (the fit considering all three models
and the fit considering the grains model only) the difference between the families is
noticeable within the first fifty seconds of the observations. After that, all single fits
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Figure 6.4: Histograms of prompt OH model parameter results. Distribution of
results show an approximately normal distribution which results in the best con-
strained model.
Figure 6.5: Histograms of sweating crater parameter results. The distribution of
total amount of water shows leans towards relatively low values. The sweating crater
contribution to the simulated OH band strength is altogether relatively weak.
blend into the same band. Therefore, there might be certain combinations of altered
data points within the 10-50 s interval that force the choice of parameter values to
flip between the modalities. Potentially, when the data points between 10 to 50 s
all happen to be varied to higher values, the experimental data is better explained
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with a more spiky grains curve. On the other hand, if the 10-50 s points all happen
to be varied to lower values, the OH observation might be represented better with
a flatter curve shape. Therefore, we observed the two distinct shapes in Fig. 6.2.
The result of multiple families of solutions arising from the fitting process
is significant. First, the families of solutions cause a larger spread in the results
of the grains’ parameters fits (Fig. 6.3) that result in relatively high uncertainty
in their values. Also, the modalities show the method is not completely robust to
constrain the problem — the result may not have a unique solution. If this is the
case, we would need to consider more information in order to properly constrain
the grains model and resolve the parameter values between the multiple modalities.
This additional information could be in the form of additional LCROSS data.
Alternatively to consider extra sets of data, we could try different and even
multiple measures of error to asses the quality of the fits. We utilized SSWR as
the measure for goodness of the fit, but an example of an alternative measure can
be the coefficient of determination (R2) [19]. It might be possible that one of the
families of curves is not relevant when considering alternative measures of the fit. If
this is the case, we could and should select parameter values that are consistently
prominent to be the final result. This possibility is suggested by the bias between
the modes seen in Fig. 6.3; even though multiple solutions are noticeable, there are
strong peaks that appear to be more probable than the others.
We could also increase the complexity of the models to see if more sophis-
ticated models allow us to distinguish between the families of solutions. However
nothing guarantees extra complexity will result in a unique solution. Furthermore,
this may counterproductively introduce more unknown parameters into the problem.
Although we were not able to constrain all parameters, we found the inter-
esting existence of multiple solutions. This feature of data fitting is not unique to
this problem. In our process, we could have defined the fit of the original OH data
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(Result2 shown in Fig. 5.2) as our final answer. After all, this set of values are the
result that best represent the LCROSS OH observations. However, doing so would
have neglected the fact that different sets of parameters-values generate acceptable
results. Even though the main goal of varying the OH data and repeating the fitting
process was to find confidence intervals on the fitted parameters, the emergence of
multiple solutions is an interesting result.
The occurrence of multiple solutions is an expression of our models’ limi-
tations — we were not able to fully constrain the models. Knowing our modeling
limitations may help guide the necessary areas of improvement. The fitting method
served as a bridge between the experimental observations and the computational
models. Through the fitting process, we connected the LCROSS observations to
the computational methods to learn more about the nature of the mission. On the
other hand, using the fitting method and the OH data, we validated some of our
numerical models and learned about the limitations of our simulation.
Even though we did not completely constrain the problem, there are some
conclusions we can draw from the results. First, the prompt OH model or a similar
fast mechanism is necessary to characterize the early observations. Also, we con-
cluded the sweating crater is not indispensable to characterize the data. Because
the models were not completely constrained, we cannot conclude that the sweating
crater effect was either existent or non-existent, but we proved that it is not essen-
tial to constrain the observations. Maybe all the nearby water got lofted by the
Centaur’s impact, and even though the impact generated a hot crater, there was no
nearby water available for sublimation.
6.2 Pyroxene Results
So far, all the results presented were obtained utilizing olivine as the inclusion
material in the grain heating model. However, as mentioned in Section 4.1.2, we
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also calculated optical properties for ice grains containing pyroxene inclusions with
the goal of comparing well constrained results among the two choices of dirt material.
Since the models were not fully constrained for either olivine or pyroxene, we focused
on the olivine results to illustrate the analysis and discussion. The fitted parameter
values for pyroxene are summarized in Table 6.2. The conclusions stated above and
qualitative results were the same for both materials. However, the pyroxene grains
model required more ice to be lofted by Centaur’s impact-plume (1000 kg compared
to 800 kg for olivine) and also required grains to have more dirt inclusions (20% fv
rather than 11% for olivine). The average probability ratio of direct ice to vapor
photodissociation (α) was consistent among pyroxene and olivine results.
Running the fitting method with pyroxene dirt inclusions resulted in an even
weaker sweating crater contribution. The amount of water sublimated from Cen-
taur’s hot crater when using pyroxene inclusions is of about one third (110 kg) that
of the sweating crater results when using olivine inclusions (300 kg). The shape-
defining parameters of the sweating crater had consistent results among pyroxene
and olivine results.
The prompt OH model had consistent results in both of its parameters. The
amount of OH released was about 24 g with a temperature of about 1,000 K for both
choices of dirt material. Consistent results in the parameter values of the prompt
OH model (regardless of the dirt material choice) were expected since the prompt
OH model is most prominent when the grains model is not. The prompt OH model
was the best constrained mechanism for both choices of dirt material.
As mentioned before, the choice of grain material did not change the overall
qualitative results, but did have some impact on the fitted parameter values. A
more realistic scenario entails having a model with pyroxene-inclusions and olivine-
inclusions grains, or having grains with olivine and pyroxene inclusions. Both of
these options could be explored in future work.
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Table 6.2: Characteristics of the curves that best fit the band-strength data. Grains
heating model utilizing pyroxene as the dirt material
Model Parameter Parameter Value
Grains (pyroxene)
MH2O,grains 1000± 300 kg
fv 20± 20 %
α 0.10± 0.07
Sweating Crater
MH2O,sweat 110± 180 kg
TH2O,sweat 1600± 700 K
tsweat 90± 40 s
Prompt OH
MOH,prompt 23± 3 g
TOH,prompt 1110± 160 K
6.3 Sources of Error
There are multiple potential sources of error influencing the presented results. Mea-
sures were taken throughout the analysis to minimize the effects of these potential
errors, quantify uncertainties, and make the best use of the OH band strength data.
The error bars on the experimental data account for the statistical errors of pro-
cessing the data; processing the data was performed by collaborator Dr. Anthony
Colaprete. The statistical processing yielding the experimental error bars itself
addresses uncertainty from the measurements and the instrumentation. In the es-
timation of the band strength from the numerical model, there is uncertainty in
the assumptions for the g-factor calculation and the estimated value of the g-factor
itself (Appendix A). Uncertainties from the g-factor were not directly addressed,
and might have caused a proportional bias in the results. More importantly, all
numerical models had simplifying assumptions. These assumptions include dirt
constituents of a single material (olivine or pyroxene), constant water release rate
from the sweating crater, release mechanisms of the prompt OH, etc. Such simplify-
ing assumptions were at least reasonable, and aimed to represent average properties
in the complex problem. However, we cannot guarantee these simplifications did not
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affect the results: different or more refined physical models could yet be explored.
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Chapter 7
Conclusions
The LCROSS mission launched by NASA in 2019 successfully confirmed the presence
of water in the moon. However, questions about the characteristics of the Moon’s
permanently shadowed areas still remain. The hydroxyl band strength data observed
during the LCROSS mission had not been analyzed in detail before, and may be
useful in learning more about the polar region of the Moon. We utilized these data
to learn about the hypothesized OH producing mechanisms that were potentially
observed by the LCROSS instrumentation.
We simulated the hydroxyl band strength data utilizing a Monte Carlo sim-
ulation. Our simulating code was based on Heldmann et al.’s (2015) previous
work, but included improvements on the representation of the physics and new
OH-producing sub-models. The three hypothesized OH-producing models are the
photodissociation of water from ice-containing grains in the impact-plume, photodis-
sociation of water sublimated from Centaur’s hot impact-crater, and OH radicals
originally present in the Moon’s regolith that were ejected by the first spacecraft-
impact.
In order to constrain unknown parameter values for the OH producing mod-
els, we fitted the computational results to the OH observations. In the first part of
47
the fitting method, we discretized the parameter values of the three OH producing
models. Then, using a least-squares fit, we fitted the combinations of parameter
values to the observational data by scaling the contributions of the OH-producing
models to the simulated band strength, and looked at the combination that best rep-
resented the OH observations. In the second part of the fitting method, we repeated
the first-part of the process multiple times; each time we repeated the process, we
randomly varied (using a Gaussian distribution) the observational data within the
data’s error bars in order to see how these variations affected our results. Finally,
we utilized the effects varying the observational data had in our results to estimate
confidence intervals in the fitted parameter values.
The fit of the observational data was not conclusive. Multiple solutions
emerged from the fitting process, and therefore, we were not able to completely
constrain the models. Still, there are some conclusions that were drawn from the
results. A fast OH-producing mechanism such as the prompt OH model is neces-
sary to characterize the early OH observations. The sweating crater model (water
vaporizing from the hot impact-crater) had a relatively weak contribution, and is
not essential to the representation of the observed OH signal. In order to further
constrain the models, additional LCROSS data are necessary. Finally, the fitting
method could potentially be used to explore the possibility of multiple solutions in
a given problem.
7.1 Future Work
Much of the potential continuation of this work has already been mentioned through-
out the discussion of the results. Probably the most important future step is to finish
constraining the proposed models. The simplest next approach is to consider dif-
ferent and/or multiple measures (such as R2) to determine the quality of the fits.
Different measures for goodness of the fit might filter out some of the multiple
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solutions and unveil parameter-values that are consistently prominent as the best
results.
Another option to better constrain the nature of the impact event is to con-
sider additional LCROSS data. The OH data from the VSP examined herein were
both noisy and limited. Considering additional observational data would introduce
additional information from the observations. This approach might be more robust
than just considering different measures for goodness of the fit which are just statis-
tical tools that do not necessarily add information. For example, we could utilize the
data from the sun-looking near-infrared spectrometer NSP2 [5] in the least square
minimization.
After constraining current models, we could consider increasing their com-
plexity. For the grains models, we could introduce grains with a distribution of fv.
We could also consider α as a function of fv, dirt material, etc. For the prompt OH
model, we could consider that some OH was trapped within the water-ice and got
ejected as water sublimed from the grains; we could develop a mechanism-model
that accounts for such possibility. For the sweating crater model, we could have
a non-constant vapor release rate, and/or vary the release temperature of water
(TH2O,sweat). Of course, before increasing the complexity of any of our mechanisms
we would have to evaluate how helpful and revealing additional complexities can be,
and decide if these complexities are worth exploring.
Another significant endeavor would be to consolidate our work with previous
studies. As mentioned in Section 4.2.1, many of the parameters in the simulation
were set to nominal values from Heldmann et al.’s previous work. However, we mod-
ified some of the mechanisms used in their studies and introduced new models into
their simulation approach. These new models introduced additional representative
particles and parameters that may or may not affect Heldmann et al.’s results. A
future study simultaneously constraining all parameters would be more consistent
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and physically meaningful than two separate studies constraining different sets of
parameters. Pursuing this will also be a way to consider additional LCROSS data
to further constrain our results. However, pursuing this route might be limited
by the large number of parameters that will have to be considered. Therefore, a
study to determine importance of each parameter and narrow down the number of
parameters might be desirable, if not necessary.
One option to effectively accomplish a sensitivity study for a large number
of parameters and narrow down the number of dependencies is to do a Monte Carlo
Sensitivity Analysis, described in detail by Strand and Goldstein [20]. The basic
idea is to simultaneously vary all parameters randomly, choose a quantity of interest
(QoI) related to the results of the simulation, and examine the relationship between
a given parameter and the relationship of interest. The QoI is usually an experi-
mentally measurable quantity. For our simulation as an example, we could choose
the QoI to be the amount of OH at 35 s post-impact time — the time where the
OH band strength observation had the largest magnitude. Then, we would pick
a nominal case of parameter values based on expert knowledge, previous measure-
ments, or another informed guess. Each parameter would have a range of variation
with a distribution that depends on how confident we are on the guessed value of
each parameter. From there, we would run the simulation multiple times randomly
varying the parameter values — similar to our procedure that quantifies confidence
intervals — and we would examine the relationship between the parameters and the
QoI. The relationship between parameters and the QoI is quantified by statistical
quantities like R2 (also known as the Pearson correlation coefficient) or the mutual
information. Using this method we can estimate the relative significance of param-
eters in a simulation. Alternatively, this method can show whether the parameters
we are interested in constraining have a relationship to the experimental data.
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Appendix A
g-factor Calculation
The Chamberlain g-factor, as described by Cageao et al. [16], relates the specific
intensity (I) of a particular vibrational-rotational transition to the observed column
abundance of the emitting molecule:
4piI = gn (A.1)
where 4piI is the emitted flux (in Rayleighs) over 4pi steradians, n is the column
abundance along the observed path (#/cm2), and g is the emission rate g-factor
(photons/second).
Utilizing the relationship in Eq. (A.1), we estimated the apparent OH band
signal at a point in time given the number of molecules in-view (inside the spec-
trometer’s field-of-view) from our simulations. We achieved this by solving for the
intensity, I, in Eq. (A.1). In order to compare our simulation results to the OH ob-
servational data, we additionally had to transform I from Rayleighs to band strength
units, and divide by the spectrometer’s wavelength (∆λ):
I = g × n× 1
4pi
× EOH × 1
∆λ
(A.2)
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W
(m2) (sr) (µm)
]
=
[
photons
s
∗ #
m2
∗ 1
sr
∗ J
photon
∗ 1
µm
]
(A.3)
Where EOH is the energy of a photon emitted by an OH molecule with λOH = 309nm
EOH =
hc
λOH
(A.4)
Having calculated I from the number of particles inside the instrument’s
field-of-view, we were able to compare our computational results to the LCROSS
OH observations. The value of the g-factor used in our calculations was 3.8×10−4
based on Collaborator’s Dr. Anthony Colaprete’s suggestion.
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